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Fisica Diferenciadle
Differentiable Physics

e Contamos con un simulador fisico diferenciable

uobs(l}” )

entrada objetivo

:, Como debemos cambiar la entrada para mejorar el objetivo?

Ift(tf) = Simulador(u(t = 0), v)

Aprovechamos PyTorch, JAX, TensorFlow



Learning vision-based agile flight via differentiable physics
a

Tiny US$21 Mango Pi computer with a Intel RealSense
1.5-GHz quad-core A53 CPU and 1-GB RAM depth camera

# Speed (ms™)

A https://www.taichi-lang.org/

Aplicaciones

BT

e Mecanica de fluidos

 Control robotico

Learning via Differentiable Physics for Plasma Turbulence
density (n) vorticity (Q) potential (¢)
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* Fisica de plasma .

» Optica de ondas diferenciadle (TorchOptics)

(%2}

o

Train a diffractive optical system to convert a Gaussian beam into a petal beam
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https://torchoptics.readthedocs.io/en/stable/examples/optimization/training_petal_beam.html
http://www.apple.com

Fisica Diferenciable
Differentiable Physics

 Fisica Diferenciable extiende simuladores fisicos tradicionales, permitiendo
utilizar Autograd para calcular los gradientes del simulador

ou(r) :
ouy donde uy = u(r = 0) e
2 AR I R e P
ou(n) . - ) L
P U parametros fisicos ol emmmmees AR N
%

* Integra la simulacion entera dentro del proceso del aprendizaje!



Fisica Diferenciadle
Differentiable Physics

* Necesitamos una formulacion continua del proceso fisico que nos interesa,
P*(u,v), con u(id, 1) : R{x RT > R<.

 Discretizando el proceso en Aft, definimos £ ~ 9P*, tal que
u(t + At) = Pu(t),v) = P, o -+ o P (u(t),v)

Operadores monoliticos
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Fisica Diferenciable
Differentiable Physics

X; J(x;; 6) Yi P(y;,v) yi(t + A?)
Loss L
oL
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Supervised or
residual loss L
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Entender Fisica Diferenciable
Ejemplo: billar

Differentiable Billiard Simulation
iter. 0 iter. 40 iter. 100

Optimize the initial position and velocity of the white ball so that
[Hu et al. 2019] the blue ball goes to the black destination

Notebook billar



(a) Simulation
Only 1

I With Learned

Solver in the loop

(c) Reference
Simulation

El simulador no es suficiente por | | | - | -
Figure 1: A 3D fluid problem (shown in terms of vorticity) for which the regular simulation introduces

S| SO I O numerical errors that deteriorate the resolved dynamics (a). Combining the same solver with a learned
corrector trained via differentiable physics (b) significantly reduces errors w.r.t. the reference (¢).

Coarse source
simulations: increased
numerical errors.
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https://arxiv.org/abs/2007.00016



Ejemplo Pendulo

Fisica diferenciable para Control

a)=—§sin(6)—ba)+

0= w

L
gravedad

Péndulo controlado por fisica diferenciable
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Ejemplo Péndulo

Fisica diferenciable para Control

Notebook control péndulo



Ejemplo ataque adversarial

Enganando a las redes neuronales

Original Image Adversarial Example

Adversarial Attack Clean image Adversarial example
Robust Features: Dog Robust Features: Dog Dog with Noise computed Cat with
Non-Robust Features: Dog Non-Robust Features: Cat sebloade G by adversary confidence 99%

sees DoQ sees DoQ

sees D0Q sees Cat??




Ejemplo ataque adversario

Enganando a las redes neuronales

Podemos pensar a la NN como una caja negra diferenciable respecto a
las variables de entrada!

entrada

Perro
Lobo
Oso

Gato

X)56%256 w fijo a

Nos interesa Notebook ataque adversario



